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96
Discovering how we age and identifying the proxies of successful ageing is becoming 97 important as the population ages in the developed world. Biological systems theory suggests 98 that physiological ageing is associated with a generalized loss of complexity in the dynamics 99 of healthy system and hypothesize that such loss of complexity leads to an impaired ability to 100 adapt to physiologic stress, resulting in a functional loss and deficit [1] . We have previously 101 demonstrated that this is true in the brain using the blood oxygen level dependent (BOLD) 102 fMRI signal [2] . However, the measurement of complexity in fMRI is difficult due to the 103 limited temporal resolution and the length of the signal acquisitions possible (data length).
105
The subtle patterns and changes in the signals produced by the short and noisy sequences of 106 real physiological data, from sophisticated biomedical systems are often undetected by 107 nonlinear signal processing measures like correlation dimension [3] and Lyapunov exponent and the signals they produce are dynamic in nature [7] . Conceptually, the integral of the sum 112 of all the positive characteristic Lyapunov exponents gives an estimate of the Sinai entropy (KS entropy) [8] . Also, the Lyapunov spectrum can be used to give an estimate 114 of the rate of entropy production, fractal dimension and information dimension [9] . KS 115 entropy was developed to classify deterministic dynamic systems by rates of information 116 generation [10] where absence of noise and infinite data length are standard mathematical 117 assumptions. As a result, it is compromised by noise and short data length [11] . Other signal 118 processing measures such as spectral and autocorrelation analyses achieve minimal 119 distinctions in both stochastic processes and noisy deterministic data sets [12] . The (ApEn) [13] , for measuring signal complexity. Here, complexity can be described as the 128 presence of similar patterns in a signal. ApEn is defined as an approximation to the 129 Kolmogorov complexity [14] and is in the same conceptual frame as KS entropy but with a 130 different view of providing a widely applicable statistical formula to distinguish data sets that 131 are composites of both deterministic and stochastic processes [11] . Given N data length and 132 tolerance r, ApEn (m, r, N) is approximately equal to the negative average natural logarithm 133 of the conditional probability that two sequences, which are similar for m points within the 134 tolerance remain similar at the next point [13, 15] [11] . However, the ApEn algorithm counts each sequence as matching itself to avoid the 142 occurrence of ln (0) in the calculations, which led to the bias of ApEn [11] . This bias causes
143
ApEn to be heavily dependent on data length, makes it uniformly lower than expected for 144 short data lengths and lack relative consistency. Subjects were asked to lie in the scanner with their eyes closed during fMRI acquisition on a
235
3T scanner, using a T 2 * weighted gradient echo echo-planar imaging sequence (EPI) and a 236 standard head coil. A total of 23 axial slices were obtained for each of 133 volumes using a 237 TR of 2 s and matrix 64x64. A total of 128 volumes of fMRI data remained after discarding 238 the first five volumes to allow for signal conditioning. ApEn is defined for a given N-dimensional signal
(1) The symbol r represents a predetermined tolerance value, which is defined as The SampEn of a signal of length N ( x 1 , x 2 , . . . . . , x N ) is defined as:
and 298 
336
The fApEn algorithm for a signal of length N ( x 1 , x 2 , . . . . . , x N ) is defined as: and SampEn maps were generated on a voxel by voxel basis using the same approach as whole brain SampEn values and the age of the whole sample. This is as shown in Figure   435 1(B). Here, SampEn also decreases with age but the results are not significant. In this study, we have presented a method for the implementation of fApEn on fMRI data. In the whole ICBM data set analyses consisting of 86 subjects, the results of the mean whole the males and females after adjusting for the main effect of age was not significant (p>0.05).
481
Here again, fApEn demonstrated superior discriminatory ability than SampEn. In the regional
482
(spatial) analyses of the whole sample, again only the result of fApEn was significant. fApEn 483 showed a significant (p<0.05) negative correlation with age for the whole sample. In a study 484 21 by Anokhin et al. [42] , they concluded that EEG dimension steadily increase with age (7 to 485 60 years) and that during maturation (7 to 25 years) the maximum gain in complexity occurs 486 over the frontal associative cortex. An MEG study [43] suggested that such uninterrupted 487 complexity increase with age (7 to 60 years) observed in Anokhin's study [42] may be 488 explained by the characteristics of the sample. In the study by Fernandez et al. [43] , their 489 sample included subjects between the sixth and eighth decades of life, and a linear decrease 490 of complexity with age was observed.
492
In another MEG study of healthy subjects of age 7 to 84 years, the complexity values
493
increase from infancy to adolescence-early adulthood and then tend to slowly decrease [44] .
494
In view of the foregoing, it is reasonable to appreciate the results of our fMRI sample where the young adult sample of this study exhibited more complex output patterns than their 500 older counterparts and the fMRI signal complexity significantly decreased with age.
502
The observed fApEn -age correlation in this study showed that white and gray matter 503 correlations with age were both significant and the mean fApEn of white matter was and as such will be subjects of future investigations.
543
This study provides the very first results of fMRI signal complexity analysis using fApEn. 
